Study objective: Electronic health record implementation can improve care, but may also adversely affect emergency department (ED) efficiency. We examine how a custom, ED provider, electronic documentation system (eDoc), which replaced paper documentation, affects operational performance.
INTRODUCTION Background
In 2009, the federal government enacted a national incentive program to encourage the adoption of electronic health record systems. 1 Under this federal "meaningful use" program, adoption of electronic health records has increased rapidly. [2] [3] [4] Consistent with overall trends in health care, electronic health record adoption in emergency departments (EDs) has swiftly expanded, from 46% in 2006 to 84% in 2011. 5 However, the benefits of the federal incentive program have also been questioned because health information technology has contributed to inefficiencies, introduced unintended consequences, and only started to achieve promised benefits. 6, 7 The American Medical Association has expressed particular concern with lack of electronic health record usability and called for delaying meaningful use implementation. 8 Importance Given the time-sensitive nature of emergency care, inefficient electronic health records have the potential to affect ED throughput and quality of care. Previous evidence on the effect of electronic health records is mixed; multiple studies have suggested that their implementation can improve ED efficiency [9] [10] [11] [12] [13] and quality of care. 14, 15 However, others have found that electronic health record implementation may have a neutral or negative effect, potentially increasing provider documentation time and patient length of stay. [16] [17] [18] [19] [20] [21] [22] This mixed
Editor's Capsule Summary
What is already known on this topic New electronic health records have frequently led to less efficient clinical practice, although it is often unclear which aspects of electronic systems produce this result.
What question this study addressed
How did a newly developed, custom-designed, computer-based documentation system affect emergency department flow exclusive of preexisting electronic tracking and computer physician order entry?
What this study adds to our knowledge Electronic documentation added an average of 6 minutes to daily average length of stay.
How this is relevant to clinical practice
Even custom-designed and -tailored electronic documentation slows clinical practice. Although the increase was small, in a department functioning near capacity, it can have substantial influence.
literature reflects heterogeneous electronic health record implementations at various clinical sites and does not isolate the effects of individual electronic health record features from one another (eg, patient tracking, computerized provider order entry, provider documentation) compared with paper-based documentation. Provider documentation is perhaps the most time-consuming component of electronic health record use. 16, 17, 23 Goals of This Investigation At our institution, we designed, built, and implemented a custom provider electronic documentation system (eDoc) to replace paper documentation in the setting of existing, wellestablished, electronic patient tracking and computerized provider order entry systems, providing a unique natural experiment that could isolate the effect of replacing paper-based documentation with an electronic provider documentation system. The objective of our study was to examine the effect of implementing eDoc on ED efficiency as measured by daily mean ED length of stay 8 weeks and 1 year before and after implementation. We initially hypothesized that implementation would result in transient increases in length of stay as providers learned the new system, but that during a 1-year period it would have a neutral effect on or reduce length of stay.
MATERIALS AND METHODS Study Design and Setting
This study was a retrospective analysis of operational data obtained from Brigham and Women's Hospital ED, a 43-bed, urban, academic ED in Boston, MA, with an annual volume of approximately 60,000 patients. We had robust, custom-developed, electronic patient tracking and computerized provider order entry systems in place. All order entry during the study period was performed with the existing computerized provider order entry system. Patient tracking (including admission and discharge times) was performed by the existing electronic tracking system throughout the entire study period.
Before the implementation of eDoc, provider documentation was completed on paper by residents and physician assistants; the paper documentation template is shown in Appendix E1 (available online at http://www. annemergmed.com). Completed paper documentation was scanned into our hospital electronic health record after the ED encounter by health information management staff. Attending physicians documented using traditional telephone dictation, which was transcribed by professional transcriptionists and electronically transferred into our electronic health record.
Our institution developed eDoc to work with our existing electronic ED patient tracking and computerized provider order entry systems. The eDoc system was custom-built according to the input of health information technology experts and emergency medicine clinicians. An interdisciplinary team of attending and resident physicians, health information management, and information systems professionals led by a dually trained emergency physician-clinical informatician (A.B.L.) iteratively designed the electronic documentation system to meet work flow, quality of care, legal, and billing compliance requirements. The team designed all system components, including data elements, work flows, and output, producing detailed design specifications. An internal team of software developers built the system according to these specifications. Appendix E2 (available online at http:// www.annemergmed.com) includes sample screenshots of the eDoc system.
After implementation of eDoc on March 18, 2013, resident physicians and physician assistants entered documentation electronically. Attending physicians had the option of typing their notes in eDoc or using a real-time voice recognition tool that transcribed speech into text in eDoc (Speech Anywhere 360 Direct; Nuance Communications, Inc., Burlington, MA). Handwritten provider documentation and telephone dictation were eliminated.
We compared daily operational data for a 1-year preimplementation period from March 18, 2012 , to March 17, 2013 , and the 1-year postimplementation period from March 18, 2013 , to March 17, 2014 . We selected this study period to ensure that our analysis would adequately capture effects outside of any immediate adjustment period to the new system, and to allow comparison between similar timeframes, given that there can be significant seasonal variability in ED utilization. All recorded patient encounters during the designated study period were included. To assess any short-term effects of implementation on the outcome variables, we created a subset of these data, for 8-week periods before (January 21, 2013, to March 17, 2013) and after implementation (March 18, 2013, to May 12, 2013) .
No other major information technology implementation projects, work flow changes, or changes to staff coverage occurred during the study period. Furthermore, none of the metric definitions or collection methods were influenced by eDoc implementation; these metrics were recorded by the electronic patient tracking system that remained in place during the entire study period. The study protocol was approved by the Partners Healthcare institutional review board.
Methods of Measurement
We obtained operational ED data for all patient visits, including patient medical record number, sex, date of birth, arrival date and time, bed request date and time for admitted patients, discharge date and time for discharged patients, Emergency Severity Index (ESI; on a scale of 1 to 5, with 1 reflecting patients with the highest level of acuity), mode of arrival (ambulance or other), and disposition (inpatient admission, ED observation, home, or other). All protected health information was removed from the data set, and each patient encounter was assigned a unique, randomly generated identification number.
Length of stay for all patients and boarding time for admitted patients was derived from individual encounter data. Individual length of stay was defined as the recorded ED exit time minus the recorded arrival time. This included all patient encounters: admitted patients, discharged patients, and cases in which patients left against medical advice or eloped from the ED. In addition, boarding time for all admitted patients was calculated according to the ED exit time minus bed request time.
Time to disposition for admitted patients was calculated as the bed request time minus arrival time.
Daily descriptive statistics were then calculated for the full study period, yielding 730 total data points for final regression analysis. Patient data were included in daily totals based on the arrival date to the ED. Daily-level variables included month and day of visit, total daily visits, total visits for the previous day, mean patient age, count and proportion of female patients, count and proportion of admissions, count and proportion of ED observation admissions, count and proportion of discharges, proportion of patients with ESI score of 2 or 1 (highest acuity), weighted mean ESI score, count and proportion of patients in each ESI category (1 through 5), count and proportion of patients arriving by ambulance, count and proportion of arrival by mode other than ambulance, mean time to disposition for admitted patients, mean daily length of stay, median daily length of stay, mean length of stay for admitted patients, mean length of stay for discharged patients, total boarding time, and mean boarding time for admitted patients. Each outcome variable was calculated as an average per day, providing 112 values for the 8-weekperiod analysis (56 preimplementation and 56 postimplementation) and 730 values for the 1-year periods (365 preimplementation and 365 postimplementation).
The proportion of high-acuity patients (ESI score 2 or 1) was calculated by the sum of patients with ESI score of 1 or 2 divided by the total number of daily visits. Weighted mean ESI score was calculated by multiplying the number of patients per ESI category by ESI number and dividing by the total patient visits. Total patient visits for the previous day were calculated according to the previous day's total visits and used as a proxy measurement of patient backlog in the ED that might affect department efficiency.
Outcome Measures
The prespecified primary outcome variable was daily mean length of stay. The secondary outcomes included daily mean length of stay for admitted and discharged patients, and daily mean time to disposition for admitted patients.
Primary Data Analysis
We first compared pre-and postimplementation data across a variety of operational characteristics, using descriptive statistics, including total visits, mean daily visits, mean age, proportion of female patients, count and proportion of patients per ESI category, mean ESI score, count and proportion of high-acuity patients (ESI score 1 or 2), mode of arrival, disposition, mean daily boarding time, and mean boarding time per admitted patient. In addition, we calculated unadjusted, mean daily values for each of the prespecified outcomes: length of stay, length of stay for admitted patients, length of stay for discharged patients, and time to disposition. Descriptive statistics were computed for both 8-week and 1-year pre-and postimplementation periods. We generated a histogram of unadjusted mean daily length of stay pre-and postimplementation. We also plotted outcomes by weekly average and overlaid a smooth trend line (using the locally weighted scatter plot smoothing method) for both 8-week and 1-year pre-and postimplementation periods.
As our primary analysis, we used multiple regression modeling to examine primary and secondary outcomes. We created a prespecified ordinary least squares model regressing daily mean length of stay with the following variables: pre-or postimplementation, month, day of the week, daily visits, daily visits from the preceding day, mean patient age, proportion of female patients, proportion of admissions, ED observation admissions and discharges, proportion of patients with ESI score less than or equal to 2, proportion of patients arriving by ambulance, and total daily boarding time. These variables were selected from all available departmental data according to their potential effect on departmental efficiency because of seasonal variation; daily variation in patient demographics, volume, and acuity; and variation in hospital admissions and census (with boarding time serving as a proxy measure of hospital census). The prespecified variables incorporated in the model were selected by consensus of the authors before analysis of the data set. We then applied this model for each of the outcome variables for 1-year and 8-week pre-and postimplementation periods and report adjusted outcome variables.
Recognizing limitations of our study design to determine causal relationships, we performed 4 adjunct analyses to better understand the effect of eDoc implementation on length of stay. These secondary models were applied only to the full study period.
We performed coarsened exact matching for similar days across the pre-and postimplementation periods as a sensitivity analysis. 24 Coarsened exact matching is another method to control for confounding influences of pretreatment control variables in an observational data set (an alternative to multiple regression modeling). 24 This method of analysis matches data points from the control (preimplementation) and intervention (postimplementation) groups and prunes data that do not have an adequate match according to the specified control variables. The result is a subset of matched data points that can be used to estimate a causal effect.
We used coarsened exact matching to identify similar days according to prespecified variables of month, day, registered visits, visits from the previous day, daily admission rate, proportion of patients with ESI score less than or equal to 2, and total boarding time. Matching was performed according to month of the year, day of the week, and quartile of the remaining variables (visits, visits the previous day, admission percentage, high-acuity patients, and boarding time). Unmatched data were excluded. Linear regression modeling was then used to compare these matched samples and estimate the sample average treatment effect on the treated patients. We used a matching algorithm from the coarsened exact matching package designed for R statistical software (version 3.2.2; R Foundation, Vienna, Austria) to perform this adjunct analysis. 25 In addition, we used a robust regression to control for the effect of outliers, given observed variation in ED census. We first evaluated Cook's D distance and standardized residuals to explore the effects of outliers. We then used Stata's rreg robust regression function, in which outliers had less weight to ensure that the results were not skewed by random variation in outlying values (version 14; StataCorp, College Station, TX). 26 To control for seasonal variation in ED census and to wash out the initial effects of adjusting to the new system, we compared a period 6 months before implementation (September 12 through March 13) to the same timeframe during the year after implementation (September 13 through March 14). This strategy removed the immediate effects of implementation for changes in length of stay. In addition, it aligned similar timeframes to account for significant seasonal variability in ED volume.
Finally, we used augmented inverse probability weighting with the teffects aipw function in Stata, a doubly robust method in which one model is used to predict treatment and another model is used to predict outcome. 27 Augmented inverse probability weighting is a modern statistical method that can be used to estimate treatment effects. 28 It is considered doubly robust because the estimated effect is consistent even if the propensity score modeling component or the outcome regression is misspecified but the other model is properly specified.
Statistical analysis and modeling was performed in R (version 3.2.2) and Stata (version 14; StataCorp). 29 Figures were generated with R and Stata.
RESULTS

Characteristics of Study Subjects
There were a total of 120,207 patient encounters during the designated study period (60,870 preimplementation and 59,337 postimplementation). Patient characteristics during the pre-and postimplementation periods were similar (Table 1) , as well as during the 8-week pre-and postimplementation periods (Table 2 ). There were differences in mean daily boarding time and mean boarding time per admitted patient between pre-and postimplementation periods for the 8-week and full 1-year study periods. Appendix E3 (available online at http:// www.annemergmed.com) shows a histogram of daily mean length of stay comparing pre-and postimplementation periods. Figure 1 shows unadjusted outcomes for the 1-year preand postimplementation periods. Figure 2 shows unadjusted outcomes by weekly average for the 8-week preand postimplementation periods. Unadjusted values and net change for all outcome variables are shown in Table 3 for 1-year and 8-week pre-and postimplementation periods.
Main Results
The results of multiple regression analysis are also shown in Table 3 , with adjusted values compared with unadjusted analysis for these periods. With application of the prespecified regression model, there were no significant changes in any outcome variables for the 8-week postimplementation period. For the 1-year study period overall, there was a significant increase of 6.3 minutes (95% confidence interval 3.5 to 9.1 minutes) for overall length of stay and 5.1 minutes (95% confidence interval 1.9 to 8.3 minutes) for length of stay for discharged patients only. There was no statistically significant difference in length of stay or time to disposition for admitted patients.
To ensure that our primary findings were not model dependent, we performed the following secondary analyses during the full study period: coarsened exact matching, robust regression (to control for outliers), regression comparing the 6-month preimplementation period with the same period the following year, and augmented inverse probability weighting. These secondary analyses were concordant with the primary multiple regression results, finding statistically significant increases in overall length of stay and length of stay for discharged patients. The robust regression model also found a statistically significant increase in time to disposition. The full results of the secondary analyses are presented in Table E1 , available online at http://www.annemergmed.com.
LIMITATIONS
There are several potential limitations of this study. First, it was performed in a single center using a custom-developed electronic provider documentation system. Although the design of eDoc is similar to that of other electronic documentation tools, our results may not be generalizable to other EDs. Additionally, because of the large sample size (120,207 total patient encounters) there were statistically significant differences in the pre-and postimplementation groups; notably, in boarding time in the short-term analysis. However, we controlled for these differences in our primary regression model and in the secondary models used to validate our results. The association between increased length of stay and the implementation of eDoc was consistently demonstrated.
This study also did not capture time that staff may have spent outside their shift hours to complete provider documentation with eDoc or documentation shortcuts. We know that many staff reported staying longer hours to complete their documentation after the transition to eDoc. Furthermore, staff may have used shortcuts, such as copying and pasting, free-text documentation instead of structured field completion, and less documentation. However, it was not possible to quantify these effects according to our available data set. We hypothesize that any such after-hours charting or shortcuts would have had the effect of buffering increases in length of stay.
Finally, this study represents a quantitative analysis of the effect of implementation on major quality and operational measures. As a result, our investigation does not capture physician satisfaction, system usability, and the technical challenges in regard to implementation that often play a significant role in the success or failure of new electronic health record functionality, 30 and which may be better characterized with qualitative methods. The study also does not characterize all potential benefits of electronic documentation, such as potentially more thorough chart completion and improved billing.
DISCUSSION
In this single-center retrospective analysis, we took advantage of a unique opportunity to examine the isolated effect on ED operational performance of transitioning from paper-based ED documentation to custom-developed electronic provider documentation. In unadjusted analysis, we observed significant variation in daily mean length of stay and an overall secular trend toward increased length of stay (Appendix E3 and Figure 1 ). After adjusting for operational metrics that might affect department efficiency, we found statistically significant increases in overall length of stay and length of stay for discharged patients equivalent to 6 minutes and 5 minutes, respectively, per patient. Although our study design cannot establish causation, we incorporated multiple additional supporting analyses that were concordant with the original results, bolstering our finding that the change to eDoc was a driver of increasing length of stay and that our findings were not model dependent.
Our custom-designed system was associated with a small but consistent and statistically significant increase in length of stay. Although there was a trend toward decreasing length of stay in the immediate (8-week) implementation period in unadjusted analysis, it was not statistically significant after adjusting for seasonal variation and other confounders. In long-term analysis, we found a statistically significant increase in length of stay and length of stay for discharged patients that was consistent across multiple secondary modeling strategies.
Although this increase was relatively small, a change of a few minutes could have an important effect in a high-throughput ED. In our ED, an additional 6 minutes per patient encounter would add more than 16 hours per day for an ED serving 165 patients per day. These increases in length of stay could lead to decreased patient satisfaction and delays in care of time-sensitive conditions. 31 Value is not measured in time saved alone; our study does not capture changes in the quality and completeness of documentation that could add value in the domains of clinical care, medicolegal issues, and billing. Although changes to physician work flow, such as migrating to an electronic charting system, have the potential to create a large ripple effect in a high-volume department, it is critical to balance this against the unmeasured benefits of more complete and high-quality electronic documentation systems.
Our findings are consistent with recent research suggesting that electronic provider documentation in the ED may be more time consuming than traditional paper charting. 16, 17 Results of previous studies of the effect of electronic health records on ED operations have been mixed. Two single-center studies found transient increases in patient length of stay that were not sustained over time, 18, 20 and a study from Australia found sustained increases over time. 19 However, other studies have demonstrated the opposite: that the transition to electronic health records was associated with reduced length of stay. 21, 22 The studies demonstrating improved length of stay examined multifeature electronic health records, which also included simultaneous implementation of other features. Computerized provider order entry implementation, for example, has been demonstrated to be associated with decreased length of stay, 13 which could offset increases associated with electronic provider documentation. Our study involved an isolated change to electronic provider documentation. Furthermore, previous studies did not incorporate data on the use of scribes or dictation software to mitigate the effect of electronic health record implementation. At our study site, attending physicians used speech recognition in a similar manner to the voice dictation system that was available before electronic provider documentation implementation, minimizing any changes in the provider documentation process.
In the era of meaningful use requirements, electronic health record vendors have faced increased scrutiny for poor usability and inattention to physician work flows. 6, 7 We custom built eDoc for our providers and work flows, using robust, agile software development practices in which physicians were involved in design, testing, and implementation. 32 Even with our focus on work flow and usability, we still experienced an influence on long-term operational performance. Our design was also greatly constrained by billing compliance regulations required for US fee-for-service billing. For example, electronic provider documentation systems must allow all possible review of systems elements and enable physicians to select at least 10 required for level-5 billing. The evaluation and management billing rules, which require a seemingly arbitrary number of documentation elements, may be a confounding factor affecting the usability and efficiency of electronic health records. 33 As we move toward mandatory and universal use of electronic health records, including the requirement to document patient encounters electronically, 34 research should be aimed at identifying interventions to mitigate the effect of electronic provider documentation on ED efficiency. Ideally, we would work with policymakers and insurers to reduce documentation requirements, especially with the transition to accountable care organizations and value-based care, with providers assuming more of the financial risk. Furthermore, the potential effect of adjusting staffing, adding scribes, and using voice recognition software to mitigate any effect of electronic provider documentation on ED operations should be formally evaluated.
In conclusion, electronic provider documentation is an important function enabled by the implementation of electronic health records and is required under the current federal electronic health record incentive program. Our study isolates the effect of transitioning from paper-based to electronic provider documentation and quantifies a small but consistent and statistically significant increase in length of stay at our single, high-volume, tertiary ED. This suggests that implementation of electronic provider documentation alone may have an adverse affect on ED operational performance, even if it has unmeasured benefits in regard to documentation quality and completeness. Using custom development in the design and implementation process did not completely mitigate the efficiency losses. Electronic health record design alone may not be sufficient to eliminate operations influences; changes to billing compliance requirements, scribes, and voice recognition software may be valuable areas for future research to mitigate these effects.
